Breast magnetic resonance imaging (MRI) and x-ray mammography are two image modalities widely used for the early detection and diagnosis of breast diseases in women. The combination of these modalities leads to a more accurate diagnosis and treatment of breast diseases. The aim of this paper is to review the registration between breast MRI and x-ray mammographic images using patient-specific finite element-based biomechanical models. Specifically, a biomechanical model is obtained from the patient's MRI volume and is subsequently used to mimic the mammographic acquisition. Due to the different patient positioning and movement restrictions applied in each image modality, the finite element analysis provides a realistic physics-based approach to perform the breast deformation. In contrast with other reviews, we do not only expose the overall process of compression and registration but we also include main ideas, describe challenges, and provide an overview of the used software in each step of the process. Extracting an accurate description from the MR images and preserving the stability during the finite element analysis require an accurate knowledge about the algorithms used, as well as the software and underlying physics. The wide perspective offered makes the paper suitable not only for expert researchers but also for graduate students and clinicians. We also include several medical applications in the paper, with the aim to fill the gap between the engineering and clinical performance.
INTRODUCTION
Magnetic resonance imaging (MRI) and x-ray mammography, together with ultrasound imaging, are the imaging modalities used for the early detection and diagnosis of breast diseases. 1 The physics underlying each modality are different and provide complementary information about the internal tissues of the breast. On one hand, mammography is an optical process in which the breast is exposed to an x-ray beam to obtain one or more 2D images of the internal tissue distribution. The relative prevalence of glandular and adipose tissues in the breast is inferred from the image pattern of brightness. 2 On the other hand, breast MRI uses a powerful magnetic field and pulses of radio waves to compute detailed 3D images of the internal structure based on the amount of water each tissue contains. Since glandular and fat tissues have different water concentrations, they can be differentiated. 3 X-ray mammography is considered the gold standard in early disease detection in screening programs. [4] [5] [6] However, xray images present decreased sensitivity in dense breasts, resulting in limited applicability in these cases. Moreover, the 2D projection makes locating suspicious lesions within the uncompressed breast difficult, a crucial step for biopsy procedures. Hence, MRI and ultrasound scans are acquired to overcome some of these issues, but they have other limitations.
For instance, MRI provides detailed 3D images but, usually, requires the use of contrast agents to localize lesions and tumors. On the other hand, ultrasound imaging is difficult to interpret due to its relatively low spatial resolution, noise, and contrast. Several studies have demonstrated that a combination of these modalities leads to a more accurate diagnosis and, hence, a more effective medical treatment of the breast diseases. 7 However, the fusion of the information from different modalities is a challenging task. Inner structures, such as nerves, blood vessel, and ligaments can be clearly visible in one modality but undetected in the others due to the physics underlying and image resolution. Moreover, internal tissues are deformed differently due to the patient positioning and movement restrictions applied during the acquisition in each modality. During MRI acquisition, the patient lies in prone position with the breast hanging downwards into the magnetic resonance machine. 8 By contrast, mammographic acquisition is performed while the patient stands upright and the breast is compressed between two paddles. 8 Furthermore, mammograms are acquired from different angles, with the craniocaudal (CC) and mediolateral oblique (MLO) projections being the most common ones. In the first case, the breast is compressed vertically, and the x-ray beam is projected in the direction from the head to the toes of the patient. In the second case, the compression paddles are situated in a given oblique angle, and the projection is performed from one shoulder to the opposite hip of the patient.
Furthermore, the image quality depends on the acquisition protocol as well as human intervention. During the mammographic acquisition, the radiographer places the patient's breast on the support trying to cover the maximum possible area to visualize completely the internal tissues, 9 while during the MRI acquisition, the receiver coil aims not only to acquire the radiofrequency signal from the excited tissues but also to minimize breast motion (in order to avoid motion and ghost artifacts), yielding a predeformed configuration. 3 Figure 1 shows an example of precontrast T1 MRI (top row) and the CC and MLO mammographic projections (bottom row).
In the last decades, researchers have focused their efforts on developing algorithms to fuse the information of different imaging modalities considering the patient's position and loading conditions of the breast during image acquisition. [10] [11] [12] A common process consists in using a biomechanical finite element (FE) model that simulates in a physically realistic way the deformations produced in both the surface and internal tissues of the breast during the mammographic acquisition. Finite element models have been widely used in various medical applications, including brain, 13 heart, 14 liver, 15 lungs, 16 or prostate 17 imaging, composing a wide bibliography. [18] [19] [20] In breast modeling, they have been used in several challenging problems, such as the colocalization of information between different image modalities, 21 temporal studies, 22 identifying lesions or tumors, 23 tracking of these lesions during biopsy, 24 review of the progress of suspicious lesions or evaluation of the effectiveness of treatments and, even, aiding implant selection for breast augmentation procedures. 25 The overall process, which is schematized in Fig. 2 , consists of the following steps:
• Geometry extraction. It consists of building a FE model from the MRI volume of the patient.
• Mechanical deformation of the model. Simulating the breast compression suffered during the mammographic acquisition. Material parameters, internal and external forces, and boundary conditions are applied to the model. The differential equations that describe the compression of the breast between two paddles are solved using the FE method.
• X-ray image simulation. Using the compressed biomechanical model and MRI, a synthetic mammogram is generated by simulating the x-ray beam using ray-tracing procedures.
• Image registration. Finally, both, the real and the simulated mammograms, are registered, becoming spatially aligned and allowing correspondence between the regions in both the MRI and x-ray mammography images.
In this paper, we aim to review the main technical challenges in MRI and x-ray mammography registration using patient-specific biomechanical FE models that mimic the mammographic acquisition. A comprehensive analysis of the four steps previously described is performed in the paper, while, at the same time, we analyze and review the state-ofthe-art software and characteristics that make it suitable to face each step. With respect to other reviews, such as those presented by Babarenda et al. 26 and Hipwell et al. 27 , our survey is more focused on these specific tasks, skipping other problems, such as prone-to-supine registration 28 or multimodal 3D-3D registration. 29 We believe that issues such as an accurate synthetic mammogram generation and the resolution of the biomechanical model, as well as obtaining a suitable geometry extraction, have been overlooked in those other works. We provide a wide perspective from the biomechanical model construction, including MRI segmentation, surface mesh, and volume mesh extraction as well as methods to quantify the accuracy and quality of the reported approaches, to the physics underlying the mechanical deformation and the elastic and hyperelastic parameters reported in the literature. Moreover, none of the other works exposes the software options so far used in this task, requirements or advantages of each tool, to yield a highly accurate solution of these problems. Finally, we also include the technical aspects needed to validate these registration methods using a clinical dataset as well as several medical applications, helping to build the bridge between engineering and clinical knowledge. To conclude the document, we provide a brief summary of FIG. 1. T1 precontrast MR image (a) and x-ray mammographies in craniocaudal (CC) and mediolateral oblique (MLO) projections (b) . Notice that in the MRI, the glandular tissue appears darker than the adipose, while in the xray mammograms, the glandular tissue is brighter.
software and techniques that have not been used in the current problem but they may lead the future research in the multimodal MRI-mammography registration. The wide perspective offered makes the paper suitable not only for expert researchers but also for graduate students and clinicians and from a theoretical point of view to a practical application.
The remainder of this review is organized as follows: Section 2 briefly introduces the breast anatomy necessary for a full comprehension of the overall MRI-mammography registration. Section 3 describes the breast geometric information extraction as well as the knowledge about solid mechanics, FE analysis, and material approaches needed to obtain the 3D model from the MRI and to compress it according to the mammographic views. Section 4 introduces the methods that allow the correct positioning and registration of the 3D model with the given mammograms. Section 5 performs an overall review of the results obtained by the different approaches found using the stateof-the-art, while Section 6 discusses other software and improvements that can be made in the different parts of the MRI-mammography registration. The paper ends with conclusions.
BREAST ANATOMY
Female breasts are situated on the chest, between the second and sixth rib. Each breast is extended from just below the clavicle to the axilla and across the sternum. The tail of the breast, which is extended into the axilla (called axillary tail of Spence), is an important area because breast cancer masses can develop in this region, although they seem to be located outside the proper breast. 30 The breast is mainly composed of adipose and glandular tissues. Each breast has several sections (lobules) that branch out from the nipple and are linked by a network of ducts. The lobules are responsible for the milk production during lactation. Spaces around the lobules and ducts are filled with ligaments and adipose and connective tissues. Figure 3 shows the internal structure of the female breast. 186 The breast does not have muscular tissues but includes lymph vessels, lymph nodes (deep to the breast or under the axilla), and blood vessels. Additionally, several nerves are present in the breast, including nerves in the chest and arms and sensory nerves in the skin of the chest and armpit. 31 The pectoral muscle lies under the breast, separating it from the ribs. Connective tissue and ligaments provide support to the breast. The size and shape of the breast are mainly determined by the amount of adipose tissue and ligaments (Cooper's ligaments), respectively. The breast tissue is encircled by connective tissue (fascia mammae). The deep layer of the fascia sits on top of the pectoral muscle. On the other hand, the superficial layer sits under the skin. 32 The superficial fascia is separated from the skin of the breast by subcutaneous fat between 0.5-and 3-mm thick.
Breast tissue changes at several times during a woman's life. Mainly, these changes occur during puberty, the menstrual cycle, pregnancy, and after menopause, responding to hormonal changes, and they affect the breast by varying its size and shape and by changing the elasticity of the ligaments. Furthermore, the breast density (the ratio between the glandular and adipose tissues) tends to be higher in younger women. This implies that glandular and ductal tissues are replaced by fatty tissue.
PATIENT-SPECIFIC BIOMECHANICAL MODELING
A biomechanical model stores information about the geometry and structure of the organs, and provides a physics basis to simulate mechanical deformations. The motivation to simulate breast biomechanics corresponds to the need to obtain a physically realistic deformation in both the surface and internal tissues of the breast. A reliable biomechanical breast model is essential to predict the deformation of the internal tissues and movement of suspicious lesions in the breast during imaging procedures, simplifying the clinical tumor-tracking problem.
Computational modeling theories have been used to simulate soft-tissue biomechanics. Briefly, these theories can be categorized into nonphysical models, mainly statistical deformation or geometrical deformable models, 33 and physical models, which include heuristic (mass-spring 34 or mass-tensor models 35 ) and continuum mechanics approaches. Heuristic models are less computationally expensive than continuum mechanical models and can be used to solve timedependent mechanical problems in real-time simulations. These methods have been used to model breast deformations; for instance, in breast augmentation procedures, 34 follow-up of breast diseases, 36 and temporal MRI registration, 35 and they show a good performance when small deformations are simulated. However, they produce nonphysical solutions, conversely to continuum mechanics and the FE method. Furthermore, the FE method provides increased accuracy for large deformations compared to heuristic models and can be used to model the interrelationship of different tissue types by applying displacements, forces, and restrictions to the movement. 37 To describe a precise physical behavior, a realistic biomechanical model of the breast requires accurate knowledge about internal and external factors, such as internal tissue distribution, an suitable geometric model of the anatomical area, an unloaded reference state as a starting loading condition, a suitable set of valid boundary conditions, and an appropriate material constitutive model. Therefore, to obtain the model, several aspects need to be addressed:
• The geometry is built using the skin and pectoral muscle surfaces. Usually, the breast is separated from the body and the internal tissues of the breast are segmented.
• Using the segmented regions, a volumetric mesh is constructed. This model is either composed of one single tissue -i.e., all of the elements belong to the same material class -or of different tissues, where the elements are assigned to the materials considering the previous segmentation.
• A suitable material description is necessary in order to obtain an accurate simulation of the deformation. In this case, elastic or hyperelastic properties need to be properly defined for each material.
• The reference state, loading forces and boundary conditions define the deformation of the model. Thus, the breast model is compressed by applying and solving the mechanical equations using the FE method.
Notice that, in most of the works, while the geometry is patient-specific, extracted from MRI images in this case, the material parameters used during the FE simulation are usually extracted from the literature (see Section 3.B.2). Furthermore, the definition of the loading forces and boundary conditions is related to the mathematical formulation of the problem for each particular work. The following sections describe common techniques and software used in this task
3.A. Geometry extraction
Geometry extraction is the first step in FE analysis, and it consists of obtaining the biomechanical 3D model of the breast. Since we use the MRI volume of the patient to obtain this model, we refer to a patient-specific biomechanical model. This phase consists of two different steps: segmentation and meshing.
Segmentation consists of dividing an image into regions to delineate the organs or differentiate the parts of the body. Notice that the segmentation strategy depends on the specific image acquisition process. For instance, cystic breast lesions, containing blood, appear bright on MR T1-weighted images and dark on MR T2-weighted images. 3 At the end of the segmentation step, all voxels of the MRI volume have been labeled according to a specific region, as depicted in Fig. 4 , where labeled regions obtained from a T1 MR image are shown using different colors. The labeled regions represent either an organ or different tissues that will be subsequently used to build the FE model using a meshing step. In contrast to mechanical engineering where Computer Assisted Design (CAD) software allows the creation of smooth models that are easy to subdivide into nodes and elements, the irregular shapes of internal organs or body parts require a piecewise approximation of the shape. Consequently, the mesh construction is usually subdivided into two steps:
• Surface mesh construction, in which the outer shape of the object is discretized by 2D (triangular or square) elements; and
• Volume mesh construction, in which the space between the surface meshes is subdivided using 3D (tetrahedral or hexahedral) elements.
The following subsections describe the geometry extraction applied to breast biomechanical modeling.
3.A.1. Segmentation
During the MRI acquisition, the patient lies in prone position with the breast hanging downward into a radio-frequency (RF) receiver coil. This coil measure the signal emitted from excited tissues. We will not discuss here the physics underling the process of forming a MR image. The tissue excitation, relaxation properties of the nuclei [T1, T2 or proton density (PD)], clinical protocols as well as the response to changes of the acquisition parameters [repetition time (TR), echo time (TE) among others] can be found in the specialized literature. 3 However, the importance of the acquisition and its effects in the segmentation strategy are well established. 38 For breast and many other applications, such as head and spine, RF receiver coils are limited to receive signal only from tissues of interest. An ideal receiver coil for the breast should accommodate both breasts, the axilla and the chest wall. A critical step to obtain a patient-specific biomechanical model is to isolate the breast from the other parts of the body that appear in the MRI volume. For this task, the segmentation requires the identification of both the air-breast interface and the pectoral muscle. The first interface separates the air background and the breast region, while the pectoral muscle defines the boundary between the breast and the rest of the body. Furthermore, depending on the mechanical model used, internal tissues of the breast are sometimes also identified (being either adipose or glandular) and used in subsequent steps. In addition, the bias field is a common intensity inhomogeneity in breast MRI and may considerably affect the appearance of breast tissue. The bias field, which is specific for each MRI scanner, 3 yields a smooth variation in the intensity distribution of a tissue with respect to the spatial position, causing additional difficulty in discriminating the glandular tissue from other tissues and artifacts in breast MRI images. Several approaches have been proposed to correct the effect of the bias field in MRI images, 39 being the N3 40 and N4 41 algorithms the most common approaches. In order to extract the air-breast interface, usually intensity-based algorithms, via thresholding, 42 and region-based algorithms 21, 43 are used to remove the air background due to the homogeneity of pixel intensities in this region. Also, slicewise segmentation or combining multiple approaches, have been proposed. Hopp et al. 44 used a thresholding segmentation with morphological operations and active contours 45 to define the breast surface. Most of the related publications consider that the skin has little influence on breast compressions during the simulation. 46, 47 However, the skin might be included in the biomechanical model as a 2D shell mesh or a 3D membrane (see Section 3.A.2). For instance, Solves-Llorens et al. 48 used a C-means algorithm to segment the skin voxels and compare the results obtained using both the 2D shell and 3D membrane. In contrast to the above studies, they conclude that the skin representation has a big influence in the simulation, and they found that the errors yielded when the 2D shell was used were larger than those when the 3D membrane was included in the simulation.
On the other hand, identifying the pectoral muscle boundary is a challenging task. Shape variations of the pectoral muscle and poor contrast between glandular and pectoral muscle have a large effect in the segmentation of this structure. 43 Thus, automatic algorithms for chest wall segmentation of the breast MRI are infrequent, and manual or interactive segmentation approaches are usually used during this step. 42 Edge-based algorithms have been tested in this task. Wu et al. 49 proposed a pectoral boundary detection based on a slicewise edge-enhance in sagittal MRI images while Giannini et al. 50 used the gradient characteristics of the pectoral muscle. Wang et al. 51 proposed a Hessian-based filter, using eigenvalues, to differentiate the specific geometrical structure of the chest wall. This algorithm was used by Solves-Llorens et al. 52 in order to perform a fully automatic MRI-mammography registration. Later, Wang et al. 53 extended their previous work to localize the air-breast boundary, obtaining a fully automatic whole breast segmentation. Atlas-based segmentation algorithms are also used in this task, showing a good performance, due to the prior knowledge of the anatomical structures. Ortiz and Martel 54 used a method based on 3D edge detection, combined also with a probabilistic atlas, to separate the breast volume. Gubern-M erida et al. 55 automatically segmented the breast tissues and pectoral muscle by means of a probabilistic atlas which contained information of the pectoral muscle, lungs, heart, and thorax. This approach was also used by Garc ıa et al. 56 in order to extract a patient-specific FE model of the breast to localize breast lesions between digital mammograms and MRI images.
Once the whole breast has been isolated, internal tissues (glandular and adipose but also tumors) can be segmented, depending on the requirements of the biomechanical model. Furthermore, breast density -i.e., the ratio between the whole breast volume and the glandular tissue volume -is an important risk factor, associated with the development of FIG. 4 . Labeled regions from T1 precontrast MR image. The internal organs were delineated using a probabilistic atlas approach while a slicewise region growing algorithm was used to segment the background. The breast tissues were segmented using an expectation-maximization algorithm, obtaining: the adipose tissue in blue, the glandular tissue in purple, and the internal organs, such as the pectoral muscle, the heart, and the lungs, in dark blue, yellow, and green, respectively. The visualization was carried out using the software MeVisLab TM (Section 6.D).
breast cancer. Therefore, most of the proposed algorithms are focused on segmenting glandular tissue, instead of adipose tissue, of the breast. Moreover, due to the variability of amount, shape and patterns of glandular tissue, clusteringand intensity-based algorithms are frequently used to segment the tissue. Clustering-based algorithms, such as k-means and fuzzy c-means (FCM) have been widely used in this task. 48 Fuzzy approaches have been tested to evaluate the partial voxel effect from the membership of each voxel to each tissue class. Conversely, Pathmanathan et al. 42 used a 3D region-growing algorithm to maintain the spatial properties that classical clustering techniques do not consider. Similarly, Azar et al. 46 used a fuzzy connectedness algorithm. Intensity-based algorithms have been also used via a direct thresholding 21 or assuming that the intensity of each tissue voxel follows a probabilistic distribution, usually a Gaussian distribution. Gaussian mixture models can be fitted using an expectation-maximization (EM) algorithm, allowing the computation of the likelihood of each voxel to belong to both glandular and adipose tissues. However, because it is well known that the intensity distribution is not a perfect Gaussian distribution due to the partial volume effect, 57 some authors have proposed a spatial regularization scheme to reduce misclassified voxels. For instance, Eiben et al. 28 and Mertzanidou 58 used the EM algorithm in combination with Markov random field (MRF) regularization. An implementation of the EM algorithm and MRF regularization can be found in the Insight Toolkit (ITK) library or in the work developed at the University College London by Cardoso et al., 59 available online under the name of NiftySeg.
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Commercial tools are also available to perform this segmentation step. Tanner et al., 60, 61 Carter et al., 62 and Schnabel et al., 29 among others, have used the commercial software ANALYZE TM [Biomedical Imaging Resource (BIR), Mayo Clinic, Rochester, MN, USA]. This is a software package for the multidimensional displaying, processing, and measurement of multimodal biomedical imaging [MRI, computed tomography (CT), and positron emission tomography (PET)]. This software provides several segmentation and classification algorithms based on thresholding approaches. Additionally, ANALYZE TM provides interactive tools to segment manually or iteratively, and it allows the extraction of the surface mesh from the segmented images.
Evaluating the accuracy of the segmentation requires a ground truth, which is obtained by expert radiologists delineating the MR images manually. The quantitative evaluation of a segmentation algorithm is obtained by using the Dice overlap coefficient, 63 Jaccard similarity coefficient, 64 falsenegative fraction, and false-positive fraction errors. For instance, Gubern-M erida et al. 65 reported a Dice coefficient of 0.94 for breast segmentation, 0.75 for pectoral muscle segmentation, and 0.80 for glandular tissue segmentation, using a fully automatic approach. However, segmentation alone cannot fully describe the biomechanical model shape. The spatial information needs to be addressed by means of a mathematical description. Usually, the breast surfaces are represented by parametric expressions, such as polynomialbased functions, or piecewise approximations, such as triangular meshes. The next section introduces the most common approaches.
3.A.2. Surface mesh construction
Once internal tissues of the breast have been segmented, the next step is to generate the anatomically realistic patientspecific FE model. Two different meshes are used to build the model: the surface mesh to define the external boundaries of the model and the volumetric mesh defining the internal behavior of the model. The first mesh, corresponding to the breast surface, is obtained from the borders of the breast (skin-air and breast-pectoral boundaries).
To obtain a smooth surface, high-order polygonal bases have been studied to parameterize the breast surfaces. For instance, Zhang et al. 66 defined the breast contour using a slicewise process. The border was described using a Bspline method to create smooth 2D contours and, finally, all contours were connected and merged into a 3D surface. Similarly, Chung et al. 67 and Rajagopal et al., 68 used a semiautomatic method that parameterized the skin and muscle surface contours from the segmented MR images. The breast geometry was represented using a smoothly continuous tricubic Hermite polynomial-based function. Their method used a nonlinear least-squares approach to fit the surfaces of the volume elements to the segmented datasets. On the other hand, isosurface extraction can be used to fit the surfaces to data using piecewise linear interpolation algorithms, such as the marching cubes algorithm 69 or level sets, 70 to subdivide the surface into triangular facets. Schnabel et al. 29 and Mertzanidou et al. 71 used the standard marching cubes algorithm to extract the surface mesh, which is subsequently softened using a Laplacian smoothing algorithm. 72 This approach extracted a triangular mesh directly from the MR segmentation.
Due to volume mesh quality assumptions (notice that regular elements are preferred in order to obtain an accurate FE analysis) and Delaunay triangulation conditions, 73 ,74 the number of elements comprising the volumetric mesh is related to the number of elements composing the surface mesh. From a standard MRI, the number of voxels belonging to the breast surface is too large and it results with a large number of elements. To overcome this problem, the number of points on the surface is reduced either by reducing the surface mesh using a downsampling algorithm 29 or by reducing the image resolution before meshing. 71 In the former approach, after extracting the surface mesh from the MRI segmentation, a decimation algorithm, such as quadric 75 or clustering 76 decimation, is used to reduce the number of points forming the mesh. In the latter approach, the MRI volume is downsampled to large isotropic voxels, where the voxel size is defined by the desired number of elements in the volumetric mesh. However, none of both solutions is optimal. When downsampling the mesh, the Delaunay condition might be not satisfied, and the neighboring vertex degrees could be different depending on the node selected, developing skinny triangles or other geometric irregularities on the surface. On the other hand, when downsampling the MRI, the partial volume effect is aggravated, disturbing the total volume and, even, the shape of the breast. Topological irregularities, such as skin folding, can occur during the MR acquisition and might be removed after resampling.
Implementations of the marching cubes algorithm and mesh decimation algorithms are provided, for instance, by the Visualization Toolkit (VTK) library. Improving the surface mesh quality, beyond only smoothing, 28 , can be performed using several software platforms, such as Meshlab (Visual Computing Laboratory of ISTI-CNR, Italy). MeshLab allows the processing and editing of unstructured 3D triangular meshes. Among other functions, Meshlab provides tools to clean, edit, inspect, and render the meshes.
The accuracy of the biomechanical model representation, with respect to the original MRI segmentation, can be evaluated using metrics such as the root-mean-squared and Hausdorff 77 distances among others. These metrics aim to evaluate the gap between the surface mesh and the segmentation or the parametric surface previously obtained. 74 Rajagopal et al., 78 Chung et al., 79 and Lee et al. 21 report values between 0.5 and 1.5 mm, using the root-mean-square error to compute the distance between the FE mesh, composed of tricubic Hermite hexahedral elements, and the segmented breast surface.
3.A.3. Volume mesh construction
After extracting the surface mesh, the internal spatial information needs to be encoded using a volumetric mesh (Fig. 5) . The volumetric mesh could be formed from a single material (homogeneous tissue) or, in contrast, by different materials (corresponding to different tissues). There are two different options to divide the volumetric mesh into different regions. In the first approach, the surface mesh corresponding to each tissue is computed and then the inner parts are joined into one volumetric mesh that can contain several disjointed regions. 84 In the second one, the elements are labeled a posteriori, once the volumetric mesh has been constructed as one single region, considering the voxels belonging to each class that are warped by the element. 85 Pioneers in this field of study used eight-node hexahedral elements; 80, 81 however, lately, four-node tetrahedral elements were preferred to compose the volumetric mesh. 28, 44, 71 Furthermore, Zhang et al. 66 used 10-node tetrahedral elements to increase the accuracy of the model for large deformations. The use of tetrahedral or hexahedral elements in the simulation of FE models is an open problem and topic of debate. 82 Each type of element has its own properties and advantages. Tetrahedral elements are widely used due to their geometrical flexibility and because they produce acceptable displacement behavior. However, hexahedral elements produce more accurate and more stable simulation results. 83 Table I summarize different examples of meshes used in breast modeling, including the purpose of the work, the tissues modeled, and the type and number of elements. Notice that the number of elements that compose each mesh ranges from just a couple of dozens to over three hundred thousand elements. So far, no experimental studies have determined the optimal resolution of the volumetric mesh for this task. However, del Palomar et al. 84 demonstrated that a tetrahedral mesh needs to be fine enough to minimize numerical errors during the solver, using more than three hundred thousand elements in their experiments. 74 Usually, 4-node tetrahedral meshes are extracted using the open-source package TetGen. 93 TetGen 188 is a type of software used to generate high quality tetrahedral meshes from 3D polyhedral domains, generating Delaunay tetrahedralizations and Voronoi partitions. Another option is to convert the segmented image directly to a 3D mesh avoiding the step in-between. For instance, to construct a hexahedral mesh, Pathmanathan et al. 42 used a voxel-based method, converting voxels or groups of voxels into elements. Hopp et al. 44 used the open-source package iso2-mesh, 189 which is a Delaunay mesh generator widely used in biomechanical modeling. Developed by Fang and Boas, 85 this software uses a labeled image to construct a tetrahedral mesh and label each element depending on the corresponding tissue class. The surface is extracted and repaired using the CGAL 190 library, before using TetGen to create the final mesh. This toolbox is compatible with Matlab TM or GNU Octave. On the other hand, commercial software is also available to convert the segmented image to a FE mesh. The main advantage of using commercial software is the robustness regarding mesh quality, capability of importing these meshes into commercial FE software packages and the option of creating the surface and volume mesh as well as several types of elements. Hence, to construct the breast volume, Solves-Llorens et al. 48 used the commercial software ScanIP (Simpleware TM , Bradninch Hall, Exeter, UK), which can create models that can be imported by any FE commercial tool, while del Palomar et al. 84 used the Harpoon mesh generator 191 (Sharc Ltd., Manchester, UK). Geometries can be imported from CAD systems and the software creates surfaces and volume meshes.
To evaluate the quality of the volume mesh, several quality metrics have been proposed depending on the type of the element. For instance, shape measures for triangular and tetrahedral elements, such as the aspect ratio, shape factor, radius ratio, or minimum solid angle, among others. 94 Hipwell et al. 88 and Tanner et al. 60 defined a minimum mesh quality, where elements exceeding an aspect ratio of 20 or an angle of 165
∘ were kept to a minimum. The aspect ratio is defined as the ratio of the longest edge to the shortest normal dropped from a vertex to the opposite face, normalized with respect to the shortest normal dropped from a vertex to the opposite face of a perfect tetrahedral element. The aspect ratio of an ideal tetrahedral element is 1.0 while extremely large values ≫40 should be closely examined to determine where they exist and whether the stress results in those areas are of interest or not. Apart from tetrahedral elements, hexahedral, pentahedral, and pyramid elements are common in FE models.
To evaluate the quality of these elements, the quality metrics exposed above can be extended to the particular geometry of each problem. 74 
3.B. Mechanical deformations
In the previous section, we have reviewed the process of building the mechanical patient-specific model using segmentation of the MRI and encoding the spatial information using surface and volumetric meshes. The next step is to deform the obtained model to reproduce the mammographic acquisition. This is performed using the FE analysis, which allows the simulation of large deformations (of the breast) in a physically realistic way.
3.B.1. Continuum mechanics
During mammographic acquisition, the breast is highly compressed. To simulate an accurate behavior of the biomechanical model of the breast, the stress-strain relationships must be known. Different approaches, such as classical linear elasticity, 29 nonlinear elasticity, 81 and pseudo-nonlinear elasticity 46 have been used by researchers for years. Furthermore, the experimental data available show both linear 95 and exponential 96 relationship between the tissue deformation applied (strain) and response (stress) of the breast tissues. An overview of the elastic and hyperelastic parameters, as well as physical behavior of breast tissues, reported in the literature is exposed in Section 3.B.2.
In this section, we will provide a brief overview of the physics that allows the simulation of the deformation of the breast, with special attention to the nonlinear formulation of the elasticity theory. 97 A comparison among the linear, nonlinear, and pseudo-nonlinear formulation in breast tissue modeling is provided by Whiteley et al. 98 Furthermore, we encourage the reader to review specialized books concerning solid mechanics simulations 99, 100, 101 and, more specifically, soft-tissue mechanics and breast tissue modeling 102, 103, 98 for further reference.
Kinematics: When a body is in equilibrium, the principle of the conservation of linear momentum states that the external forces are equal to the internal forces. To describe the motion of a body, subjected to applied loads, kinematic relations need to be defined. During deformation, the constitutive particles change their positions. The deformed state of the body and, therefore, the mechanical equations can be referred either to the initial, i.e., undeformed -configuration using a Lagrangian description, also called material description, or to the current, i.e., deformed -configuration using a Eulerian description, called spatial description. Deformation and stress measures can be defined using both configurations.
The relative spatial position of two neighboring particles after deformation, @x can be described in terms of their relative material position before the deformation, @X, by the deformation gradient tensor, F. Considering the displacements, the deformation gradient tensor is defined as: FIG. 5 . Finite element biomechanical model of the right breast, composed of two tissues: skin (red), as a shell mesh composed of triangular elements, and one single internal material (blue), composed of tetrahedral elements. The surface mesh was extracted using a standard marching cube algorithm and smoothed by means of a Laplacian approach, the volumetric mesh was extracted using the open source package TetGen, and the visualization was carried out using the software Medit (See Section 6.D).
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F can be used to determine the change in length and direction of a differential line element. Therefore, the determinant of the deformation gradient (the Jacobian, J = det(F)) defines the changes in volume of the element, and hence, volume changes can be expressed as:
where @V is a volume element in the reference configuration and @v the corresponding form in the current configuration.
Notice that the transformations of the material can be isochoric -i.e., volume-preserving (J = 1)-or nonisochoric.
To describe the body deformation Cauchy-Green tensors are often defined. 100 The right Cauchy-Green tensor is defined as the material scalar product -i.e., considering the reference configuration of the particles -of the deformation gradient tensor, C = F T F, while the left Cauchy-Green tensor is defined as the spatial scalar product -i.e., considering the deformed configuration of the particles -of the deformation gradient tensor, b = FF T (being F T the transposed of the deformation gradient tensor). Isochoric components are often expressed in terms of the principal invariants of the right Cauchy-Green.
Stress tensors: Additionally, stress is a measure of the amount of force per unit area acting on a body. The Cauchy stress, r = r ij , and the Kirchhoff stress, s = s ij = Jr ij , are two common stress measures, both of them defined in the deformed configuration. Regarding the reference configuration, the first Piola-Kirchhoff stress tensor, P, defined as the nominal stress, and the second Piola-Kirchhoff stress tensor, S, defined as the material stress are used to evaluate the amount of force acting on the body. 100 Using a Lagrangian formulation is often more convenient, with the coordinates of the undeformed body as the independent variables and the coordinates of the deformed body as the dependent variables. 98 The relationship between the stress in the deformed and the undeformed configurations is defined as follows:
Governing equations: The local equilibrium equations are derived considering three fundamental conservation principles in physics: conservation of mass, linear momentum, and angular momentum.
1. The conservation of mass principle requires that the mass of the body remains constant before and after the deformation. Therefore, the mass density in the deformed configuration, q, is related to the mass density in the initial configuration, q 0 , considering Eq. (2) as follows:
2. The conservation of linear momentum exposes the local equilibrium equation and is obtained as a force balance. In the deformed configuration, it is expressed as follows:
where b j is the force per unit mass, q is the mass density, m j represents the velocity of a given particle, and _ m j the derivative of the velocity, i.e., the acceleration. Notice that summation convention is used in this equation regarding i,j = 1,2,3 that represent the coordinates of the system of reference. The equilibrium requirements may also be written in the reference configuration, using the corresponding relations between stress measures. 78, 100 3. The conservation of angular momentum requires that the applied moments need to be balanced in order that the total angular momentum of the system remains constant. This principle yields symmetry of stress measures, such as the Cauchy stress, r ij = r ji , and the second Piola-Kirchhoff tensor, S ij = S ji . However, notice that the first Piola-Kirchhoff stress tensor introduces an asymmetric behavior.
The formal definition of the problem requires to establish a set of suitable initial and boundary conditions. Initial conditions describe the state of the body at the beginning of the analysis and can be related to the kinematic state (considering the position and velocity at the initial time point) or the initial stress state for every point in the body. Regarding the boundary conditions, two types need to be considered, related to (a) the displacement (or restriction of movements) of a set of points, and (b) the traction of the points on a surface in the body.
Constitutive relations: The material behavior facing deformations is defined as either incompressible, when the material preserves its volume under arbitrary loads, or compressible, when its volume changes. Formally, the changes in the volume are explained by the Jacobian. A material is considered incompressible when the Jacobian is equal to one (J = 1). Furthermore, when a material is compressed in one direction, it tends to expand in the perpendicular direction to the compression. The Poisson's ratio (m) is defined as the coefficient of expansion on the transverse axial or negative ratio of the transverse to axial strain. The Poisson's ratio of an isotropic and linear elastic material cannot be less than À1.0 or greater than 0.5 due to Young's modulus (E), while the shear modulus, l, and bulk modulus, j, must be positive. The shear and bulk moduli are two measures for evaluating the stiffness of materials and are defined as follows:
A given material can be categorized according to its homogeneity and isotropy:
• Isotropic material, when its response to an applied deformation is invariant to the direction of the loading. This kind of material was used by del Palomar et al., 84 Lee et al., 21 and Hopp et al. 92 among others.
• Transversely isotropic material, when there is a preferred direction in the material in which its response varies with respect to the other directions when the deformation is applied. For instance, Mertzanidou et al. 71 used this material categorization to simulate the behavior of the Cooper's ligaments during the compression of the biomechanical breast model.
• Anisotropic material, when the material response is different depending on the loading in any direction. In breast model simulation, Hopp et al. 105 compared the behavior of isotropic and anisotropic materials applied to MRI-mammography registration, obtaining similar results.
The constitutive relations describe the behavior of the materials under a deformation. These relations are composed of a set of stress-train relationship equations. The simplest mechanical model follows Hooke's Law, in which the strain,
Hooke's Law defines the behavior of the material as linear and elastic. Currently, no method can measure the internal stress distribution in vivo, 106 although under certain assumptions, Young's modulus can be estimated. However, to simulate the behavior of human tissues, a linear approach is not enough. 107 In the case of hyperelastic materials, the behavior is expressed by the strain energy function, U. Furthermore, for an isotropic material, the strain energy function must be independent of rigid body rotations and the particular choice of coordinates and must, therefore, be a function only of the three invariants of the right Cauchy-Green tensor, C.
Using the strain energy function, U, the Cauchy stress and the second Piola-Kirchhoff stress tensor can be defined as follows:
In soft-tissue modeling, several material definitions have been tested. The most common material models are:
• Neo-Hookean model:
where l and j are the shear and bulk moduli, respectively, defined in Eqs. (6) and (7). Although it is the simplest, this model is the most commonly used to describe the hyperelastic behavior of breast tissues.
• Mooney-Rivlin model:
Notice that, in this case, for small deformations, the shear modulus is l = l 1 + l 2 .
• Arruda-Boyce model:
where k is the locking stretch and C i are constants equal to: C 1 = 0.5, C 2 = 0.05, C 3 = 11/1050, C 4 = 19/7000 and C 5 = 519/673750.
• Yeoh models:
where A i and B k are material constants. When n = 1, the Yeoh model reduces to the neo-Hookean model for incompressible materials, being
3.B.2. Physical behavior
The elastic and hyperelastic properties of soft tissues have gained significant interest during past decades. Since healthy and unhealthy tissues have different elastic values, this property is important in medical applications such as diagnosis, treatment planing, or soft-tissue simulation. Consequently, to develop an accurate model of the breast, the elastic properties and stress-strain relationship of breast tissues need to be properly defined. The elastic properties of soft tissues depend on the microscopic and macroscopic structural organization of their molecules. Measuring these properties requires specific a priori assumptions about the tissue mechanical behavior. Because tissues are mainly composed of water, an usual assumption is to consider them as nearly incompressible, 107 thus implying a definition of the Poisson ratio close to m = 0.5.
There are different studies measuring that property per tissue. Earlier studies were performed ex-vivo. However, living tissue properties are not conserved ex vivo and it is also known that mechanical properties depend on the age of the tissue, the strain rate used to test the tissue and the strain range investigated. One of the first studies was performed by Krouskop et al., 95 where the time between the ex vivo sample removal and the tests varied over a range from 25 to 120 minutes. The physical size of the tissue samples were considered and selected to assure that the assumptions about homogeneity and isotropy were held. Another study was conducted by Wellman, 96 who performed an ex vivo study in which the tissue samples were tested immediately after removal from the body. Wellman proposed an exponential stress-strain relationship for large deformations of breast tissues, similar to other biological tissues, 107 and it is one of the most used approaches in breast modeling. Figure 6 shows a representation of the stress-strain measured by Wellman, Krouskop, and by other authors. Notice that Krouskop et al. 95 found a linear strain-stress relationship for adipose tissue and an exponential relationship to describe the glandular tissue behavior. Azar 110 proposed a material model similar to Wellman; however, Azar corrected the relationship for adipose tissue to simulate the effects of Cooper's ligaments. Similarly, Samani et al. 81 used a hyperelastic neo-Hookean material model to approximate Wellman's stress-strain properties. Corrections used by Azar and Samani are presented in Table II , as well as the experimental results provided by other studies.
On the other hand, in vivo experimental data are currently available. Shear wave elasticity imaging, sonoelastography, and magnetic resonance elastography have been used to measure the elastic parameters of living tissues. 106 Usually, in vivo experiments are carried out using small deformations or changing the loading conditions of the breast. Babarenda et al. 111 introduced a material parameter identification approach using several gravity-loading states. Del Palomar et al. 84 computed elastic values using computer tomography images both with the patient lying in the prone position and with the patient standing-up. Han et al. 91 used MR images of compressed (in the same way as the MRI-guide breast biopsy) and uncompressed breast. Finally, in these cases, the hyperelastic values were optimized using a FE simulation. Other authors, such as Bakic, 108 Lorenzen et al. 109 (both using linear stress-stress relationship), Tanner et al. 61 (linear, TABLE II. Mechanical behavior of glandular and adipose tissues of the breast. This table shows the strain-stress approximation and material parameters provided in the literature. E represents the Young's modulus while e corresponds to the strain. In order to acquire a complete representation, Section 3.B provides the constitutive relations which describe the behavior of the materials under deformation.
Reference
Constitutive model Adipose Glandular
Lorenzen et al. 109 Linear E = 2 kPa E = 2.5 kPa Krouskop et al. 95 Linear E = 18 AE 7 kPa (at Strain = 5%) Exponential E = 28 AE 14 kPa (at Strain = 5%) Wellman neo-Hookean, and polynomial behavior), Rajagopal et al. 112 , and Lapuebla-Ferri et al. 113 (both using neo-Hookean), have also proposed empirical elastic property values for breast tissue simulations.
In addition to the fatty and dense tissues, there are other structures in the breast that can affect the final simulation, such as the skin, abnormal tissue, Cooper's ligaments, and vessels and lymphatic nodes. The elastic properties of human skin are available in the bibliography. Authors such as Reishner et al., 115 Edwards et al. 116 , Groves et al.
117
, Bischoff et al., 118 or Mahmud et al. 119 , among others, have measured the elastic and hyperelastic parameters of the skin. Nonhealthy tissue data is also available. Wellman 96 and O'Hagan and Samani 120, 121 measured the elastic and hyperelastic properties of fat necrosis, fibroadenoma, ductal carcinoma and other breast diseases. In general, the stiffness of unhealthy tissues is until 20 times the one of the healthy adipose tissue. 96 In these studies, experimental data were fitted to hyperelastic models, such as Yeoh, Ogden, Arruda-Boyce, or polynomial models. However, these models have not been used to evaluate the glandular or adipose tissue behavior. Detecting Cooper's ligaments in MR images is not possible. Thus, some researchers have modeled their effects in the physical behavior of the breast using indirect ways, for instance, assuming linear transverse isotropic material models 71 or defining explicitly the ligaments as binding conditions. 122 Finally, vessels and lymphatic nodes are not modeled due to their tiny contribution to the mechanical behavior. This typically also occurs with the skin. Although the influence of the skin on breast deformation is small, 46 ,61 some works include it as a shell mesh that wraps the volumetric breast mesh.
3.B.3. Loading forces and boundary conditions
A realistic biomechanical model of the breast requires accurate knowledge about the internal and external forces of the body. The previous section has focused on the internal properties of the breast model. In this section, we describe the loading forces and boundary conditions, both of which have a large influence on the behavior of the model. 61 We differentiate between two stages: computing the unloaded reference state and establishing the boundary conditions for the compression.
Unloaded reference state: The first step is to determine a correct starting loading condition, which is known as the unloaded reference state. 123 During the MRI acquisition, the woman lies in the prone position; however, during the mammographic acquisition, the patient stands up in front of the mammograph. Hence, the direction of the gravity in the patient's body is different for the two image modalities. Therefore, the natural state of the model will be the unloaded configuration, before being deformed by any force, including gravity. Although this defines a physically unreal state, the unloaded configuration is useful, or even necessary, to establish an initial stress state in mechanical simulations. Several approaches have been proposed to compute the unloaded configuration. The methodology can be divided into three big groups: (a) the simplest method, which consist in the inversion of the gravity, (b) iterative methods, and (c) inverse FEs approaches. 124 The inversion of the gravity without consideration of prestresses was used by Lee et al. 21 during the multimodal MRI-mammography registration. However, just reversing the gravity effect is not enough to obtain the unloaded reference state. 68 Thus, Rajagopal et al. 123 introduced a numerical method to compute the reference state using a Lagrangian formulation -i.e., the undeformed FE configuration. The estimated undeformed state is perturbed and residual forces are evaluated until convergence. Similarly, Pathmanathan et al. 42, 86 computed the unloaded state from the prone model as the reference position to perform the mammographic simulation to predict the tumor location during the deformation.
Carter et al. 62 introduced an iterative FE methodology where the reference state is computed assuming an internal stress equal to zero, applying gravity in the anterior direction. Subsequently, the gravity is again considered. The model is iteratively deformed to match the supine model up to a predefined threshold. This method was later extended by Eiben et al., 28 inverting the gravity and relaxing the stresses of the breast model. Then, as in the previous case, the iterative process apply gravity and the unloaded configuration is updated. These techniques have been validated using phantoms 28, 125 and neutral buoyancy studies, immersing the patient breast into water while the woman is lying in prone position. 126 Finally, inverse FEs approaches were considered. Eiben et al. 124 tested the approach proposed by Govindjee and Mihalic 127 to obtain the patient-specific unloaded configuration of breast models. The method consists in reparameterizing the equilibrium equation, using a numerical approach to solve the inverse motion. The results were compared to that obtained using the simple inversion of gravity and the inverse finite deformation previously exposed, 28 showing that the iterative and the inverse methodology produce similar zerogravity estimates, whereas the inversion of gravity is only appropriate for small or highly constrained deformations. Lately, Vavourakis et al. 128 proposed an inverse FE formulation to predict the unloaded state of soft tissues. The method is based on a Eulerian -i.e., current FE configuration-displacement/pressure formulation.
Breast compression simulation:
Once the model is in the unloaded reference state, the mammographic acquisition is reproduced. However, boundary conditions are necessary to restrict the movement of the surface corresponding to the breast-body interface. From an anatomical point of view, the breast is not rigidly fixed to the body, it sits on the thorax and is joined by connective tissue, allowing the breast to slightly slide along the thorax. During the mammographic acquisition, the paddles do not compress the breast sufficiently to perform the displacement of the breast with respect to the thorax. Consequently, several assumptions need to be considered. Zhang et al. 66 used the full constraint of the movement, meaning that nodes belonging to the breast-thorax interface are fixed. By contrast, Chung 79 allowed these nodes to slide along the surface using frictionless contact mechanics constraints. Similarly, Mertzanidou et al. 71 allowed the nodes to slide in the parallel direction of the compression paddle displacement.
Breast deformation can be modeled by solving the motion equations using two different types of boundary conditions, regarding either displacement (Dirichlet conditions) or force (Neumann conditions). Usually, the available data that are acquired during the mammographic compression or computational requirements restrict the option of using one or the other during the multimodal registration process. For instance, digital mammography allows to record compression magnitudes such as breast thickness or the force applied by the compression paddles, because protocols for the quality control of mammography are based on the applied force 9 and, sometimes, on the pressure. 129 Therefore, during mammographic compression simulation, applying Neumann conditions becomes a challenging task to define the force applied at each node, and most of studies reproduce the compression applying the Dirichlet condition. 66 The simulation of breast compression has been studied independently from MRI to mammography registration. 67 Mainly, breast compression can be modeled following two approaches: nodes on the surface of the biomechanical model are directly subjected to displacements, emulating the effects of the compression paddles 110 or the breast compression is modeled as a dynamic contact problem using explicitly defined compression plates. 79 In the first case, the compression plates are not defined, and the nodes on the breast surface are controlled using direct displacements. 61, 110 These displacements are applied as boundary conditions during the simulation. However, this method does not reflect a physically realistic deformation of the breast and leads to artifacts in areas closer to where the displacements are applied. In the second case, to define explicitly the compression plates, they are simulated only using a parametric surface 58, 67 or as rigid bodies. 12 This second approach is more common when the FE solver is a commercial tool.
The contact problem can be solved using friction or frictionless contact, the latter being the most common approach. 71 The main reason is that the friction coefficient between the paddles and the breast is unknown. However, Hopp et al. 44 modeled the contact problem assuming a high friction. This feature allows only small relative sliding between neighboring nodes on both surfaces. Zhang et al. 66 constrained the movement of the nodes in contact with the compression paddle, allowing them to move only in the direction of the compression and avoiding sliding movements in the transverse direction. The main advantage in these approaches is that just the initial and final positions of the compression paddles are needed to simulate the deformation. 67 However, the contact problems can cause numerical difficulties and instabilities during the FE optimization.
Small imperfections on the breast surface, such as skin folding, can make it difficult to reach a numerical solution. Furthermore, situating the plates with respect to the pectoral muscle is still an open problem.
3.B.4. Finite element solvers
Commercial and open-source FE packages can be used to solve the equations introduced previously (Section 3.B) . Usually, commercial software provide complete FEs tools that allow the FE analysis, pre-and post-processing and visualization. The most common commercial software packages used for this task are ABAQUS TM and ANSYS Solves-Llorens et al. 48 and Hipwell et al., 88 to simulate the breast model compression.
Regarding open-source FE packages, universities, groups, and research institutes have developed their own FE tools and, sometimes, they release the software to be used by interested parties. These software packages are usually designed to solve a specific problem. For instance, the Bioengineering Institute from the University of Auckland and University College of London have developed OpenCMISS and NiftySim, respectively, which are specific tools dedicated to soft-tissue simulation. OpenCMISS, 194 Open Continuum Mechanics, Imaging, Signal processing and System identification (Wellcome Trust) has been used to simulate mechanical deformations of the breast for years. 21, 67, 86 During the work performed by Rajagopal, 78 OpenCMISS was validated using ABAQUS TM . NiftySim 195 is an open-source software package, available online. This software uses GPU implementation to solve the total Lagrangian explicit dynamic (TLED) FE formulation to define the soft-tissue behavior. Eiben et al. 28 and Mertzanidou et al. 71 have used NiftySim to simulate breast deformations. This software was validated against ABAQUS TM in the work developed by Han et al., 91 providing the same accuracy for deformation prediction but requiring much less computation time.
MRI TO X-RAY MAMMOGRAPHY REGISTRATION
Once the biomechanical model is compressed, mimicking the mammographic acquisition, the internal tissues of the breast needs to be projected into the 2D image, which sometimes is referred to as pseudo-mammogram. However, due to inherent errors in the previous steps, the pseudo-mammogram can differ from the mammogram, and a transformation is needed to obtain a more similar image. This transformation, called registration, allows to better replicate the acquisition parameters. Following subsections describes these steps in detail.
4.A. 2D projection of the 3D model
Synthesizing mammographic images from other types of data, such as breast phantoms or other image modalities, requires a physics-based simulation approach. This procedure simulates the x-ray beam, where each ray traversing the breast computes the attenuation of glandular and adipose tissue at each pixel (i.e., detector) position. In these cases, several image acquisition parameters (input energy spectrum), detailed information of materials and geometry (compression paddle, antiscatter grid, detector performance), and other physical phenomena (scattered radiation, focal spot blurring) are required. 130 To produce a realistic synthetic mammogram, the original 3D image is deformed using the deformation field computed from the biomechanical model. This is a common approach to obtain a voxelized breast phantom. 47 Also, polygonal mesh phantoms are described in the literature, 90, 131 where the isosurfaces are extracted in the original image and reconstructed using the compressed model. Afterwards, the projection of the 3D biomechanical model to the 2D synthetic mammographic image is performed using a ray-casting algorithm. The intensity value for each pixel in the simulated mammograms is computed using the Beer-Lambert Law and the appropriate attenuation coefficients. X-ray spectrum data, tissue attenuation coefficients, and other mandatory information to generate a realistic synthetic mammogram can be found in the National Institute of Standards and Technology (NIST) database. 196 A realistic image synthesis requires physicsbased simulations, usually related to complex approaches with a high computational cost, such as Monte Carlo methods. 132 However, during the 3D-2D intensity-based registration, simpler approaches can be used. First, anode and filter materials, as well as the end point energy, for each synthetic image can be extracted from the DICOM tag header of the original x-ray mammogram. Hence, the synthetic mammogram can be simulated just using the transmitted primary x-ray. 21 without considering other physical phenomena. Also, monoenergetic approaches, 21 instead of polyenergetic spectrum, can be considered, computing previously the effective attenuation coefficient for the particular monoenergetic beam, and reducing the computational cost of the simulation.
Other authors have proposed techniques to generate synthetic CT images from MRI data. 133 Conversely to MRI, CT voxel intensities are related to the x-ray linear attenuation coefficients by means of the Hounsfield units, 197 and, therefore, a digitally reconstructed radiograph (DRR) can be synthesized using typical approaches. 134, 135 A similar methodology is proposed by Mertzanidou et al. 136 This methodology was later extended, using a biomechanical model to simulate the breast compression. 71 To avoid resampling the 3D volume and then exposing the compressed breast image to the simulated x-ray beam, Mertzanidou et al. 71 used a transformation that undoes the compression, localizing each sampled point along the ray in its corresponding position in the MR image.
Finally, notice that feature-based registration methods do not require synthesizing detailed 2D projections. The internal landmarks can be localized within the compressed biomechanical model and directly projected within the 2D mammographic space.
4.B. Image registration
There is a consensus in the literature that a transformation of the obtained image is needed to compensate the inherent errors obtained due to patient positioning and deformation. [137] [138] [139] [140] This transformation is called registration, and describes the process of establishing the spatial correspondence between the 3D MRI volume and the 2D simulated mammogram. Mainly, this task allows the colocalization of tumors, microcalcifications, and suspicious lesions in the two modalities.
The first attempt to perform the MRI to x-ray mammography registration process, emulating a physically realistic compression of the breast using FEM, was carried out by Ruiter et al. 47 Previously, several approaches to register MRI and xray mammograms were introduced. Muller et al. 141 used a nonlinear scaling algorithm to compute the specific projection angle of every projection and register mammograms to MR images. Behrenbruch et al. 142 used the breast boundary and internal landmarks to register mammograms. They applied the registration when one lesion was visible in both modalities and included the lesion as a salient structure in the landmark detection process. Marti et al. 143 used internal landmarks, evaluating the probability of finding a projection angle. On the other hand, Kita et al. 144 used epipolar line curves to compute the lesion location in the 3D MRI space from 2D mammograms. However, all of these approaches use a direct projection of uncompressed breast MR images and, therefore, the deformation of internal tissues were not considered.
Ruiter et al. 47 described the breast as composing by one single tissue material, using a nearly incompressible, homogeneous and isotropic neo-Hookean model, meanwhile the skin was modeled as being linear elastic with the material parameters determined by Bakic. 108 Finally, the deformation process was formulated by applying loads at certain nodes. The registration was performed in two steps. In the first step, the plate compression was applied; in the second step, the shape of the deformed breast and circumference of the corresponding mammogram were used to estimate the 3D shape of the breast. The boundary conditions of the simulation were formulated as the displacement between the undeformed and deformed surfaces of the estimated 3D shape. The final result was that the MR projection had the same circumference as that of the mammogram. This approach was later extended by Hopp et al. 92 , including the rotation of the breast about the anterior-posterior axis. Solves-Llorens et al. 52 used a two-step approach, simulating the compression only once and both, real and simulated mammograms, were registered using a B-spline registration. Similarly, Garc ıa et al. 145 used rigid, affine and B-Spline registration, as well as the Demons algorithm 146 to compare the local breast density. In a different approach, Zhang et al. 66 used a featurebased registration between MRI and x-ray mammograms to obtain a correlation between CC and MLO projections. Soft tissues were modeled as isotropic, linear, and homogeneous. To improve the registration between both modalities, a initial global shape calibration was used. The compression parameter was optimized until the silhouette of the biomechanical model overlapped with the silhouette of the mammogram. The registration was performed compressing the biomechanical model, using the calibrated compression parameter, and identifying any feature point, for instance calcifications, on CC and MLO views. On the other hand, Lee et al. 21 used an isotropic, homogeneous, and incompressible neo-Hookean material to define the breast model. In this case, the unloaded state was computed, removing the effect of gravity on the prone configuration. The breast model was allowed to slide over the surface of the ribs, using contact constraints, to mimic the loose attachment via Cooper ligaments. The registration consisted of maximizing the normalized cross-correlation (NCC) between the real mammogram and simulated one. Again, the problem was limited to a 2D registration. After obtaining a proper position of the compression plates, a rigid registration approach was used to align both mammograms.
The first 3D-2D intensity-based registration approach was introduced by Hopp et al. 44 This approach optimized several parameters, such as position and orientation of the patient, to adapt the registration process to the patient-specific conditions. The intensity-based optimization of the parameters was computed using the normalized mutual information (NMI) similarity measure. Mertzanidou et al. evaluated different MRI-mammography registration approaches, some of them involved using a patient-specific model while others referred to affine 136 or statistical deformation models. 147 With the obtained conclusions, Mertzanidou et al. 71 introduced a new intensity-based registration method, using NCC to evaluate the similarity between both the real and the simulated mammograms, and including the elastic parameters of the mechanical model and the amount of compression as the features to optimize. In this case, they used a transversely isotropic material model to consider the reinforcement of the biomechanical properties from fiber-like connective tissue in a given direction. The stiffness anisotropy ratio and the Poisson's ratio were allowed to change. In previous approaches, the material was described as incompressible (m%0.5). However, Hopp et al. 44 exposed that an optimum Poisson ratio was m = 0.3, while Han et al. 91 established this measure higher than m = 0.45. Moreover, Hopp et al. 105 introduced the paddle position as a new feature for optimization during an MRI-mammography registration process. Recently, Garc ıa et al. 56 also included an unrestricted rotation of the model around its principal axis. Furthermore, the Young's modulus of both, glandular and adipose tissue, were independently considered during the optimization.
EVALUATION METHODS AND CLINICAL APPLICATIONS
Quantitative evaluation of the registration between the MRI and mammogram is not an easy task. The common solution is to use some key characteristic between both image modalities that in breast image analysis is reduced to the localization of masses, since microcalcifications are hardly visible in MRI. The common procedure for localizing the mass in clinical practice consists in the use of contrast agents to enhance the lesion(s). Due to this contrast agent, during the MRI acquisition, the intensity of the lesion voxels in the MRI volume varies along the time. However, even with that contrast, checking the MR images to localize the suspicious regions is a slow task. Thus, several methods are used to reduce the time expended. For instance, under a set of quality assumptions, such as avoiding or removing chemical and motion artifacts, the lesion diagnosis is performed using the maximum intensity projection (MIP) of the subtraction image between a time point during the dynamic contrast enhancement and the precontrast acquisition. Figure 7 shows the MIP image of a patient. Notice that the contrast agent enhances several structures such as the blood vessels as well as two small lesions that can be appreciated in the center of the left breast. Although, nowadays, this procedure is manually performed, there is an increased interest in computer-aided diagnosis methods for breast MRI. [148] [149] [150] These algorithms can help radiologists to accelerate the analysis of MR images.
Once we have the MRI volume and the mammogram registered, the lesion that is localized within the MRI can be projected into the 2D image (mammographic space). Hence, the closer the real and the projected lesions, the better the registration. The common measure in the literature to evaluate this distance has been the target error registration (TRE), which is defined as the 2D distance between the centroid of both the real and projected lesions. Table III reports the results reported by previous methods. Notice that there is not a standard database to evaluate the proposed methods and, therefore, one should be cautious in the comparison of the results. Besides the inherent differences in the data, the experts' interand intra-observer variability, as well as the accuracy of the annotation process, may affect the results of the registration. Other features have been also considered for evaluation, like the overlap coefficient between the real lesion and the projected one 21, 44 or the surface distance between both lesions. 21 On the other hand, the use of multimodal breast phantoms allows to evaluate the algorithms in a controlled environment. Lee et al. 21 used the Tripe Modality Biopsy Training Phantom, model 051 (Computerized Imaging Reference System; 198 , Norfolk, VA, USA) to evaluate their work. The phantom mimics the shape and properties of a human breast and can be used in MRI, mammography, and ultrasound acquisitions. This phantom contains 12 inclusions -i.e., lesions -with diameters ranging from 3 to 10 mm, clearly visible in all the modalities and simulating dense and cystic masses. Although being a simpler approach than using real data, the use of phantoms may allow establishing an idealized ground-truth for the registration evaluation.
An example of a result of a registration between MRI and mammograms is presented in Fig. 8 . The figure shows the location of both the real (in red) and computed (green) lesions in the mammograms. The methodology is widely exposed in our previous work. 56, 152 In this particular case, the biomechanical model is composed of 78098 tetrahedral elements. The stress-strain relationship of the biomechanical model is approximated by a nearly incompressible, isotropic, and hyperelastic neo-Hookean model for both glandular and addipose tissue using the Young's modulus measured by Wellman. 96 The compression details to reproduce the mammographic acquisition are extracted from the DICOM header of the corresponding full-field digital mammogram and optimize using a simulated annealing algorithm. 153 In the clinical practice, the suspicious lesion is firstly localized in the mammogram, while the MRI is used (if used) to confirm or reject the hypothesis of malignancy. Analyzing the 2D mammograms is faster than checking the 3D MRI volumes. In x-ray mammography, lesions are brighter than the glandular tissue. However, few papers provide the 3D geometrical information of the suspicious lesion in the MR image when they are located in the mammograms. Qiu et al. 22, 154 used a 3D FE model to register temporal mammograms. The process consisted of compressing the mechanical model and aligning it with the corresponding mammographic view (CC or MLO). A back-projection ray-casting algorithm was applied, and the elements traversed by the ray could be labeled. The compressed model was restored to the reference state, and the straight line became a 3D curve in the initial model. When both CC and MLO projections were available, the 3D lesion was localized, finding the minimum distance between both 3D curves. Similarly, Hopp et al. 92 described this approach to localize lesions within MR images using a patient-specific model. In a different way, Solves-Llorens et al. 52 used the tetrahedrons that composed the model to localize lesions before and after compression, as well as between the mammographic and MR images. Finally, Garc ıa et al. 56 proposed an efficient algorithm to compute the 3D position of a lesion in the MRI using an uniform grid 155 to store the elements of the biomechanical model. A backprojection of the lesion is performed from the mammogram to the compressed model, and the ray is simultaneously localized in the uncompressed model and, therefore, in the MRI. Moreover, this approach performed also a search space reduction to fast localize the intersection of the rays coming from the CC and MLO mammograms.
Not only the lesions presented in the breast can be used to evaluate the registration. In some clinical procedures, external landmarks are placed inside the breast and if they are visible in both modalities can be used to evaluate the registration. Figure 9 shows a mammogram and a MRI of a patient containing one small metallic clip which is used for imageguided biopsy procedures. In the mammographic views, the clip is clearly visible as a small bright spot, while in the MRI, it yield a paramagnetic artifact which is visually seen as a small black bubble. 156 This type of external landmarks was FIG. 7 . Maximum intensity projection from a MR image. The T1-weighted acquisition was performed using a gadolinium-based agent. The last 3D image was subtracted to the initial precontrast 3D image and the maximum intensity pixel values were projected in the superior-inferior direction using MeVisLab TM . used by Mertzanidou 58 to evaluate the temporal and ipsilateral mammographic registration, two other possible applications of using a patient-specific biomechanical model in the clinical practice. The ipsilateral registration consists in correlating the internal breast structures between the CC and MLO projections while the temporal registration 22 allows to detect the change of the breast tissues between two (or more) time points. Using the same biomechanical model, two different mammograms are correlated, helping radiologists to evaluate susceptible areas. Furthermore, a computer-assisted diagnosis system can also be improved using multimodal features to classify the lesions 23 or using the capabilities of the biomechanical model to track tumors in image-guide procedures. 87 However, so far, the application of these algorithms is not available in the clinical practice. Several works demonstrate that a multimodal combination leads to a more accurate diagnosis and treatment of the breast diseases from a medical point of view. 7 However, the lack of commercial tools to correlate the different image modalities, such as MRI and mammography, avoids analyzing the clinical benefits of combining these modalities and how it affects the clinical decision. Even when the trend seems to be to provide the radiologist with multimodal workstations, the vendor machines skip those approaches that involves long computational times. In the current problem, the use of the biomechanical model and the FE simulation require a long computational time in a conventional workstation (the time values reported in the literature are around 2 h for one single registration). These values are excessive in the clinical practice. Even when these approaches may be useful for clinicians and radiologists, these packages are only available from a research point of view.
DISCUSSION AND FUTURE TRENDS
During the MRI to x-ray mammogram registration, several processes are involved to yield the spatial correlation between both modalities. What makes a difference with respect to other 3D-2D registration algorithms is that the breast is highly deformed during the mammographic acquisition. Hence, the MRI to x-ray mammography registration is, per se, a local deformable process that involves the optimization of a high number of parameters. 66 Such a complex process requires highly accurate solutions at each stage of the problem, beginning with image preprocessing and segmentation, followed by 3D mesh model generation and compression using FEM. Finally, the 3D to 2D projection and registration. In next subsections, we explore new trends and software that can be used for these tasks.
6.A. Geometry extraction
The preprocessing of MR images, including bias-field correction and image intensity normalization, as well as tissue segmentation, are widely studied fields. In this document, we have exposed some algorithms previously used in this task, with special emphasis in those used in the multimodal MRI-mammography registration. These methods include automatic pectoral muscle 55, 49 and whole breast 53 segmentation algorithms, and breast tissue segmentation by means of clustering-, 48 intensity-based, 21 or those that preserve the spatial information. 71 However, new algorithms are still appearing such as the ones based on deep-learning. 157, 158 Similarly, image-to-mesh methods 159 are gaining interest to obtain more accurate biomechanical models. Several mesh generation methods have been introduced in other contexts to convert medical images into hexahedral 160, 161 or tetrahedral meshes. [162] [163] [164] However, few of these approaches are opensource code or free software available to the general community.
Image processing and segmentation software used in other biomechanical modeling topics may be explored. The ITK libraries have become the reference software for image processing and registration. VTK libraries may be used, in combination with ITK, not only as a visualization tool but also as a simple library to extract surface meshes from medical images. Furthermore, some specialized software, derived from those libraries, may be suitable for these applications. This is the case of ITK-SNAP, 199 a software application used to segment structures in 3D medical images. Other complementary software is also available, such as Seg3D. 165 Seg3D is a volume segmentation and processing tool, that combines the flexibility of the manual segmentation interface with automatic image processing and segmentation derived from the Regarding mesh generation, we described the principal methods used to extract the breast shape and convert MR images into meshes. We focused our attention on the extraction of, first, the surface and, later, the volume mesh. The surface extraction can be performed using high-order polynomials to parameterize the breast surface 21 or by means of isosurface extraction algorithms. 71 Regarding the volume mesh, we exposed the most common procedures to encode the spatial information, type and number of elements as well as the tissue modeled and the simulation performed (see Table I ). Notice the wide range of elements and criterions in this section, depending the biomechanical model application. Thus far, image-to-mesh conversion is an open problem. An accurate conversion should fulfill two criteria: obtaining a high-quality mesh to describe organs and tissues without sacrificing geometry or topology, and obtaining an accurate physical behavior when simulating the mechanical deformations. Several approaches have been proposed for this. CGAL 190 is a library that allows extracting the surface and volume meshes as well as the image-to-mesh conversion. Indirectly, CGAL has been used in MRI to mammography registration using the open-source package iso2mesh as well as TetGen. Other tetrahedral mesh generator softwares include NetGen, 203 Gmsh, 204,168 BioMesh3D (NIH-SCI, University of Utah), 169 and Cleaver 205,170 (NIH-SCI, University of Utah). Furthermore, the University of Iowa provides the hexahedral mesh generator IA-MESH, 206,171 a freely available software toolkit that employs a multiblock meshing scheme. 207 
6.B. Mechanical deformation
Biomechanical models are becoming increasingly precise and useful tools to simulate the mechanical behavior of human organs, such as the heart, liver, lungs, or pancreas, among others. In addition to the accurate description of the topology and geometry of the breast, knowledge about material parameters or establishing suitable boundary condition for the patient-specific model are required. In Section 3.B Mechanical deformation, we exposed a brief introduction of the physics underling the mechanical deformation with special emphasis on the nonlinear formulation of the elasticity theory. 97 The equations and constitutive relations -i.e., material models -are presented in this section, in order to illustrate the options of the model behavior to the reader. Furthermore, available empirical data of the elastic and hyperelastic parameters are provided, considering the most accepted studies as well as those that have been tested in the FE mechanical simulation. The section concludes with the exposition of loading forces and boundary conditions to obtain an unloaded reference state, to perform the breast compression simulation and a brief overview of the commercial and opensource FE packages that have been tested in the registration between MRI and x-ray mammography. Most of the time, the commercial FE analysis software need to be used. However, some FE solvers have been recently developed specifically to simulate soft-tissue deformations. This is the case not only for CMISS and NiftySim, but also for SOFA 208, 172 and FEBio. 209, 173 SOFA is an open-source framework focused on real-time medical simulations. In addition to FE simulations, SOFA allows mass-spring and rigid articulated body simulations. In contrast to the software exposed during this work, SOFA has not be tested in breast modeling. On the other hand, FEBio has been tested to simulate breast compression in order to create phantom models from breast CT images. 90 Similar, to previous FEM open-source packages, FEBio does not have mesh generation capabilities. However, to convert FEBio as a complete FE tool, the University of Utah provides complementary frameworks such as: PreView for the preprocessing stage, BioMesh3D as the tetrahedral mesh generator, and PostView for the post-processing stage.
Moreover, newer, faster, and more robust and stable algorithms are being introduced. For instance, NiftySim employs a TLED FE Formulation proposed by Miller et al. 103 for softtissue simulation. The efficiency of this algorithm derives from the total Lagrangian framework allowing the shape function derivatives to be precomputed and stored, although the low stiffness of the biological tissues avoids a fast-time step integration. Furthermore, NiftySim has the option of accelerating the simulation using its GPU implementation. Equally, Kuhlmann et al. 102 recently proposed a coupled Eulerian-Lagrangian (CEL) method to simulate the tissue behavior in a more robust and stable way than previous algorithms. These approaches show how the current trend in biomechanical modeling is not only to employ previous tools or software but also to obtain specific formulations for each particular problem.
Furthermore, usually breast FE models are composed of glandular and adipose tissues and, at most, skin, while nerves, blood vessels, and lymph nodes are not considered. Similarly, lesions (tumors) could be included but the accurate segmentation as well as the histopathology of the lesion should be known in advance. Hence, obtaining a fully automatic biomechanical model in diseased breasts, feasible in the clinical practice, may require the segmentation of the nonhealthy structures and adding an automatic diagnosis system, to correct the elastic or hyperelastic properties in these areas.
6.C. Registration
The 3D-2D registration process is divided into ray-casting projection and own registration to optimize the position, orientation and specific parameters of the model. Both task are susceptible to improvement. Several papers have proposed methods to accelerate the ray-casting projection 134, 174, 175 or accelerating the ray-tracing using GPU technology. [176] [177] [178] [179] However, the final intensity values do not depend only on the ray-casting algorithm. Considering the option of accelerating the registration process using GPU capabilities, divergences between monoenergetic beams or one-single-photon rays and a more realistic approximation, such as Monte-Carlo projection methods, and their influences on the registration process, could be considered.
Regarding the second task, to correlate 3D models to 2D images, Markelj et al. 180 divided the 3D/2D registration process into different groups according to the nature of the registration, such as feature-, intensity-, or gradient-based methods, and according to the strategy to achieve spatial correspondence, such as projective, back-projection, or reconstruction algorithms. The registration methods introduced in the paper are focused on external landmarks, such as breast contour or dice overlap coefficient, and intensity-based methods. Usually, the intensity-based methods are more robust and accurate than feature-based approaches. 181 Nevertheless, the use of gradient-based methods or using back-projective transformations needs to be studied. To our experience, gradient-based metrics, such as gradient correlation, are related to poor results as similarity metrics and they depend on MRI segmentation. However, Mertzanidou et al. 182 obtained good results using gradient difference to lead the registration. Reconstruction-based methods cannot be applied because they require multiple projections from the undeformed body. The addition of DBT (digital breast tomosynthesis) in the registration could be an option to exploit those methods.
6.D. Software
There are many software options regarding image processing, mesh processing and FE analysis. Usually, visualization tools need to be included in the process. Most of the commercial FE software packages include their own tools to visualize the deformation, forces and stress-strain relationship after the analysis. When visualization tools are not available internally, external software, such as ParaviewTM, 210 185 to visualize the internal structure of a biomechanical model (Fig. 5) , and MeVisLabTM 214 (MeVis Medical Solutions AG, Bremen, Germany) to process and visualize the 2D and 3D images.
So far, there is not a single tool that includes or integrates the entire process of developing a biomechanical model using a single software package. Additionally, the segmentation of medical images and parametrization of the surfaces are hardly found together in the same tool. Consequently, many software options need to be evaluated to obtain a suitable result in the simulation. Table IV collects the software platforms employed in this task, referenced in the literature. Choosing the tools to be employed wisely can reduce and improve the final result. From a practical point of view, the discussion can be focused on using commercial or open-source software. Both options imply advantages and disadvantages. Obviously, commercial software has been widely tested until a final version is released, while, open-source software allows the user to examine the actual state of the program and to even modify it under GNU licenses, improving or adapting their characteristics to the proposed problem. This question requires not only to be familiarized with the problem and the mathematical formulation but also the knowledge of computer programming and the algorithms. Depending on the background of the researcher, these considerations may imply added difficulty.
Interpreted programming languages, such as MATLAB and python, provide a good basis for fast algorithm prototyping and are easy to learn, while compiled languages, such as C++, may require more experience and the availability of the corresponding compiler. However, most of open-source libraries, such as ITK and VTK, are written (or provide a version) in C++. Similarly, FE open-source packages, such as Nifty-Sim and SOFA, have been developed in C++. Conversely to commercial FE packages that provide an installer executable, open-source libraries may provide just the source-code which needs to be compiled, and may depend on additional third-party libraries that need to be installed independently. Commercial FE packages provide graphical users interface (GUI) to facilitate the communication between the user and the software while open-source packages may require to be executed in terminal.
In addition to the accuracy, the potential clinical application of an algorithm requires to consider the computational time to make it suitable in the practice. When dealing with biomechanical models, the computational time is related to the number of elements, among other factors such as the type of FE analysis (static/dynamic) and the number of iterations to solve the equations. Furthermore, when the registration algorithm needs to repeat the FE analysis, as is the case of Mertzanidou et al. 71 , the number of simulations as well as hardware capabilities need to be considered. In our experience, software packages such as ANSYS, Abaqus, and FeBio may require a long time to perform one single simulationi.e., the compression of the breast -depending on the number of elements, when they are running in a personal computer. Notice that these tools are able to use multiprocessor servers, accelerating the results. Furthermore, SOFA is focused on real time simulations and NiftySim uses the GPU capabilities to speed-up the simulation. Regarding NiftySim, one single compression of the model exposed in Section 5, composed of 78,098 4-node tetrahedral elements, may require about 1 min. Notice that NiftySim was written using CUDA and it requires NVIDIA graphic cards. Similarly, ANSYS and Abaqus support a large number of NVIDIA 215 (NVIDIA, Santa Clara, CA, USA) and AMD 216 (Advanced Micro Devices Inc., Sunnyvale, CA, USA) graphic cards.
Finally, open-source FE packages may reduce the number of options with respect to commercial packages. While NiftySim is focused on a dynamic explicit solution of the nonlinear tissue behavior, FeBio includes Multiphysics (mechanics, fluid flow, heat conduction) simulations but is also focused on nonlinear FE simulations. Even when this particular skill is suitable to simulate the soft-tissue behavior, other applications may require to define a different approach. Thus, ANSYS and Abaqus can perform linear and nonlinear as well as static/dynamic and explicit/implicit simulations.
Involving a large number of software options in the resolution of a problem requires the capability of communicating all of these software. Usually, open-source tools can be included as a library in the project; meanwhile, establishing a connection with a commercial tool may be challenging. Some exceptions can be found, provided by the environment [for instance, COMSOL MultiphysicsTM 217 (COMSOL Group, Stockholm, Sweden) provides to a server to establish communication with MATLAB TM ] or by means of free code communities (lately, a tool to establish communication between MATLAB TM and ABAQUS TM can be found in the Matlab Central webpage 218 ). Otherwise, FE model files must be written using the native scripting language for each tool.
CONCLUSIONS
In this paper, we have reviewed the breast MRI to x-ray mammography registration problem solved using a patientspecific biomechanical model. This is a hard task because of, among other factors, the inherent breast deformation that is performed during the mammographic acquisition. We presented a step-by-step description of the whole process. From the MRI volume, the woman's breast geometry is extracted including the internal tissue distribution, and is used to create a 3D model. This model, comprising surface and volumetric meshes, is deformed using the FE approach, allowing physically reliable deformation. Subsequently, the 2D projections of the model are obtained to represent the mammographic views and are used to register the model in an iterative process. Each step has been largely discussed, introducing the principal software tools, different materials and the parameters proposed in the literature. In addition, the results obtained by these approaches have been summarized.
Although current results start to make MRI to x-ray mammography registration a realistic tool, many avenues remain to be investigated that makes this topic an active area within computer vision. We believe that the commented trends and software proposed will improve the paradigm, obtaining faster and more robust registration approaches that can significantly help crucial aspects of every-day clinical practice such as the diagnosis, follow-up, and breast mapping studies.
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